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Paper Survey

1) Search Keywords: Knockoff, Knockoff filter, Deep learning, Neural Network
Paper Title: Deep knockoffs [1]

This article introduces a machine for sampling approximate model-X knockoffs for arbitrary
and unspecified data distributions using deep generative models. The main idea is to iteratively
refine a knockoff sampling mechanism until a criterion measuring the validity of the produced
knockoffs is optimized; this criterion is inspired by the popular maximum mean discrepancy in
machine learning and can be thought of as measuring the distance to pairwise exchangeability
between original and knockoff features. By building upon the existing model-X framework, we
thus obtain a flexible and model-free statistical tool to perform controlled variable selection.
Extensive numerical experiments and quantitative tests confirm the generality, effectiveness, and
power of our deep knockoff machines. Finally, we apply this new method to a real study of
mutations linked to changes in drug resistance in the human immunodeficiency virus.
Supplementary materials for this article are available online.
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Paper Title: Deep direct likelihood knockoffs [2]

Predictive modeling often uses black box machine learning methods, such as deep neural
networks, to achieve state-of-the-art performance. In scientific domains, the scientist often wishes
to discover which features are actually important for making the predictions. These discoveries
may lead to costly follow-up experiments and as such it is important that the error rate on
discoveries is not too high. Model-X knockoffs [2] enable important features to be discovered
with control of the false discovery rate (fdr). However, knockoffs require rich generative
models capable of accurately modeling the knockoff features while ensuring they obey the so-
called “swap” property. We develop Deep Direct Likelihood Knockoffs (ddlk), which directly
minimizes the KL divergence implied by the knockoff swap property. ddlk consists of two stages:
it first maximizes the explicit likelihood of the features, then minimizes the KL divergence
between the joint distribution of features and knockoffs and any swap between them. To ensure
that the generated knockoffs are valid under any possible swap, ddlk uses the Gumbel-Softmax
trick to optimize the knockoff generator under the worst-case swap. We find ddlk has higher
power than baselines while controlling the false discovery rate on a variety of synthetic and real
benchmarks including a task involving a large dataset from one of the epicenters of COVID-19.
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Paper Title: Knockoff-Inspired Feature Selection via Generative Models [3]

We propose a feature selection algorithm for supervised learning inspired by the recently introduced
knockoff framework for variable selection in statistical regression. While variable selection in statistics aims
to distinguish between true and false predictors, feature selection in machine learning aims to reduce the
dimensionality of the data while preserving the performance of the learning method. The knockoff
framework has attracted significant interest due to its strong control of false discoveries while preserving
predictive power. In contrast to the original approach and later variants that assume a given probabilistic
model for the variables, our proposed approach relies on data-driven generative models that learn
mappings from data space to a parametric space that characterizes the probability distribution of the data.
Our approach requires only the availability of mappings from data space to a distribution in parametric
space and from parametric space to a distribution in data space; thus, it can be integrated with multiple
popular generative models from machine learning. We provide example knockoff designs using a variational
autoencoder and a Gaussian process latent variable model. We also propose a knockoff score metric for a
softmax classifier that accounts for the contribution of each feature and its knockoff during supervised
learning. Experimental results with multiple benchmark datasets for feature selection showcase the
advantages of our knockoff designs and the knockoff framework with respect to existing approaches.
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Paper Title: Distribution-dependent feature selection for deep neural networks [4]

While deep neural networks (DNNs) have achieved impressive performance on a wide variety of
tasks, the black-box nature hinders their applicability to high-risk, decision-making fields. In such
fields, besides accurate prediction, it is also desired to provide interpretable insights into DNNSs,
e.g., screening important features based on their contributions to predictive accuracy. To improve
the interpretability of DNNSs, this paper originally proposes a new feature selection algorithm
for DNNs by integrating the knockoff technique and the distribution information of irrelevant
features. With the help of knockoff features and central limit theorem, we state that the irrelevant
feature’s statistic follows a known Gaussian distribution under mild conditions. This information is
applied in hypothesis testing to discover key features associated with the DNNs. Empirical
evaluations on simulated data demonstrate that the proposed method can select more true
informative features with higher F1 scores. Meanwhile, the Friedman test and the post-hoc
Nemenyi test are employed to validate the superiority of the proposed method. Then we apply
our method to Coronal Mass Ejections (CME) data and uncover the key features which contribute
to the DNN-based CME arrival time.
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Paper Title: Supervised feature selection through Deep Neural Networks with
pairwise connected structure [5]

Feature selection is an important data preprocessing strategy, has been proven empirically that it
contributes to reducing the dimensionality of feature and enhancing the performance of learning algorithms
in practice. Typical sparse learning-based models select the features by removing ones that the feature
scores are zero. However, linear models puzzle to build the non-linear relations between features and
responses. The Deep Neural Network (DNN) has a strong capability to mode the non-linear relations and
has been employed to select features. In this paper, we introduce a novel deep Neural network-based
Feature Selection (NeuralFS) method to identify features. The new model comprises of a fully-
connection network, a decision network, and connect them through a pairwise connected structure. In
NeuralFS, the fully-connected network is the crucial structure in NeuralFS that transforms the features
into their corresponding scores, and the decision network is the final structure that performs
classification or regression. The pairwise connected can be regarded as a “bridge” to connect the two
networks, and its weights are fixed as the normalized input as well as it is un-trainable during model
training. After optimizing, the feature scores can be obtained by calculating the output of the fully-
connected network. NeuralFS takes advantage of the deep network to model the non-linearity, and also
make features scores sparse without the sparse regularization technology. We apply the proposed method
to both synthetic datasets and benchmark datasets to prove its effectiveness.
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Paper Title: Deep-gKnock: nonlinear group-feature selection with deep neural
network [6]

Feature selection is central to contemporary high-dimensional data analysis. Group structure
among features arises naturally in various scientific problems. Many methods have been
proposed to incorporate the group structure information into feature selection. However, these
methods are normally restricted to a linear regression setting. To relax the linear constraint, we
design a new Deep Neural Network (DNN) architecture and integrating it with the recently
proposed knockoff technique to perform nonlinear group-feature selection with controlled
group-wise False Discovery Rate (gFDR). Experimental results on high-dimensional synthetic data
demonstrate that our method achieves the highest power and accurate gFDR control
compared with state-of-the-art methods. The performance of Deep-gKnock is especially superior
in the following five situations: (1) nonlinearity relationship; (2) dimension greater than sample
size ; (3) high between-group correlation; (4) high within-group correlation; (5) large number of
associated groups. And Deep-gKnock is also demonstrated to be robust to the misspecification
of the feature distribution and the change of network architecture. Moreover, Deep-gKnock
achieves scientifically meaningful group-feature selection results for cutting-edge real world
datasets.
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Paper Title: An Effective Pulmonary Nodule Detection In Ctand X-Ray Images
Using Enhanced Inception-Residual Convolutional Neural Network [7]

Purpose: Lung Nodule or Pulmonary Nodule is a space in white taking after we identify the
cotton or mists in clinical pictures examined on thorax. Early identification of nodules of lung in
thoracic Computed Tomography (CT) examines that it is critical for the effective conclusion and
treatment of lung disease. Prior, the grouping is finished through the Entropy Weighted Residual
Convolution Neural Network (EWRCNN) for recognition of lung nodule. This identification plan
can maintain a strategic distance from competitor extraction and be less reliant on scale. In any
case, division of suspected aspiratory nodules requires further innovative work which can expand

the recognition affectability of detection systems.
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Paper Title: An Effective Pulmonary Nodule Detection In Ctand X-Ray Images
Using Enhanced Inception-Residual Convolutional Neural Network [7]

Contribution: To accomplish this objective, Enhanced Inception-Residual Convolutional Neural Network
(EIRCNN) is proposed which has three stages, for example, pre-preparing, segmentation and final
classification of pulmonary nodule. At first, to improve the Ct images local information, Normalized Gamma-
Corrected Contrast-Limited Adaptive Histogram Equalization (NGCCLAHE)- Discrete Wavelet Transform (DWT)
Is recommended that consolidates the NGCCLAHE with DWT. Second, intelligent W-Net (iW-Net) is a
profound learning model that takes into consideration both programmed and intuitive division of lung
nodules in processed tomography pictures following that the feature extraction is directed utilizing the
Fuzzy Continuous Wavelet Transform (FCWT) and Gray Level Feature Extraction (GLCM). And then,
feature selection deducts the filter-based approach to deal with production of the ideal list of capabilities
and to limit the immateriality of the features that gives the output for the lung nodules classification in CT
and X-ray images. The arrangement is finished utilizing EIRCNN.

Results: The strategy EIRCNN is profoundly powerful for decreasing the false positive rates, on 888 scans of
the freely accessible LIDC-IDRI dataset, when contrasted with the existing techniques, for example, EWRCNN,

Faster RCNN and RCNN.
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Paper Title: Interpreting black box models via hypothesis testing [8]

In science and medicine, model interpretations may be reported as discoveries of natural
phenomena or used to guide patient treatments. In such high-stakes tasks, false discoveries may
lead investigators astray. These applications would therefore benefit from control over the finite-
sample error rate of interpretations. We reframe black box model interpretability as a multiple
hypothesis testing problem. The task is to discover “important” features by testing whether
the model prediction is significantly different from what would be expected if the features were
replaced with uninformative counterfactuals. We propose two testing methods: one that
provably controls the false discovery rate but which is not yet feasible for large-scale
applications, and an approximate testing method which can be applied to real-world data
sets. In simulation, both tests have high power relative to existing interpretability methods. When
applied to state-of-the-art vision and language models, the framework selects features that
intuitively explain model predictions. The resulting explanations have the additional advantage
that they are themselves easy to interpret.
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Paper Title: KnockoffGAN: Generating knockoffs for feature selection using
generative adversarial networks [9]

Feature selection is a pervasive problem. The discovery of relevant features can be as important
for performing a particular task (such as to avoid overfitting in prediction) as it can be for
understanding the underlying processes governing the true label (such as discovering relevant
genetic factors for a disease). Machine learning driven feature selection can enable discovery
from large, high-dimensional, nonlinear observational datasets by creating a subset of features
for experts to focus on. In order to use expert time most efficiently, we need a principled
methodology capable of controlling the False Discovery Rate. In this work, we build on the
promising Knockoff framework by developing a flexible knockoff generation model. We
adapt the Generative Adversarial Networks framework to allow us to generate knockoffs with no
assumptions on the feature distribution. Our model consists of 4 networks, a generator, a
discriminator, a stability network and a power network. We demonstrate the capability of our
model to perform feature selection, showing that it performs as well as the originally proposed
knockoff generation model in the Gaussian setting and that it outperforms the original model in
non-Gaussian settings, including on a real-world dataset.
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Paper Title: Variable selection with false discovery rate control in deep neural
networks [10]

Deep neural networks (DNNSs) are famous for their high prediction accuracy, but
they are also known for their black-box nature and poor interpretability. We
consider the problem of variable selection, that is, selecting the input variables
that have significant predictive power on the output, in DNNs. We propose a
backward elimination procedure called SurvNet, which is based on a new
measure of variable importance that applies to a wide variety of networks.
More importantly, SurvNet is able to estimate and control the false discovery
rate of selected variables, while no existing methods provide such a quality
control. Further, SurvNet adaptively determines how many variables to eliminate
at each step in order to maximize the selection efficiency. To study its validity,
SurvNet is applied to image data and gene expression data, as well as various
simulation datasets.
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Paper Title: Causal inference using deep-learning variable selection identifies and
Incorporates direct and indirect causalities in complex biological systems [11]

In complex diseases, causal structure learning across biological variables is critical to identify
modifiable triggers or potential therapeutic agents. A limitation of existing causal learning
methods is that they cannot identify indirect causal relations, those that would interact through
latent mediating variables. We developed the first computational method that identifies both
direct and indirect causalities, causal inference using deep-learning variable-selection
(causalDeepVASE). To accurately identify indirect causalities and incorporate them with direct
causalities, causalDeepVASE develops a deep neural network approach and extends a flexible
causal inference method. In simulated and biological data of various contexts, causalDeepVASE
outperforms existing methods in identifying expected or validated causal relations. Further,
causalDeepVASE facilitates a systematic understanding of complex diseases. For example,
causalDeepVASE uniquely identified a possible causal relation between IFNy and creatinine
suggested in a polymicrobial sepsis model. In future biomedical studies, causalDeepVASE can
facilitate the identification of driver genes and therapeutic agents.
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Paper Title: An embedded gene selection method using knockoffs optimizing
neural network [12]

Background

Gene selection refers to find a small subset of discriminant genes from the gene expression
profiles. How to select genes that affect specific phenotypic traits effectively is an important
research work in the field of biology. The neural network has better fitting ability when dealing
with nonlinear data, and it can capture features automatically and flexibly. In this work, we
propose an embedded gene selection method using neural network. The important genes
can be obtained by calculating the weight coefficient after the training is completed. In order
to solve the problem of black box of neural network and further make the training results
interpretable in neural network, we use the idea of knockoffs to construct the knockoff feature
genes of the original feature genes. This method not only make each feature gene to compete
with each other, but also make each feature gene compete with its knockoff feature gene. This
approach can help to select the key genes that affect the decision-making of neural networks.
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Paper Title: An embedded gene selection method using knockoffs optimizing
neural network [12]

Results

We use maize carotenoids, tocopherol methyltransferase, raffinose family oligosaccharides and
human breast cancer dataset to do verification and analysis.

Conclusions

The experiment results demonstrate that the knockoffs optimizing neural network method has
better detection effect than the other existing algorithms, and specially for processing the
nonlinear gene expression and phenotype data.
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Paper Title: Auto-encoding knockoff generator for FDR controlled variable
selection [13]

A new statistical procedure (Model-X Candes et al.(2018)) has provided a way to identify
important factors using any supervised learning method controlling for FDR. This line of
research has shown great potential to expand the horizon of machine learning methods beyond
the task of prediction, to serve the broader needs in scientific researches for interpretable
findings. However, the lack of a practical and flexible method to generate knockoffs remains
the major obstacle for wide application of Model-X procedure. This paper fills in the gap by
proposing a model-free knockoff generator which approximates the correlation structure
between features through latent variable representation. We demonstrate our proposed method
can achieve FDR control and better power than two existing methods in various simulated
settings and a real data example for finding mutations associated with drug resistance in HIV-1

patients.
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Paper Title: INVASE: Instance-wise variable selection using neural networks [14]

The advent of big data brings with it data with more and more dimensions and
thus a growing need to be able to efficiently select which features to use for a

variety of problems. While global feature se
problem for quite some time, only recently
feature selection been developed. In this pa

ection has been a well-studied
nas the paradigm of instance-wise

Der, we propose a hew instance-

wise feature selection method, which we term INVASE. INVASE consists of 3
neural networks, a selector network, a predictor network and a baseline
network which are used to train the selector network using the actor-critic
methodology. Using this methodology, INVASE is capable of flexibly

discovering feature subsets of a different

size for each instance, which is a

key limitation of existing state-of-the-art methods. We demonstrate through a
mixture of synthetic and real data experiments that INVASE significantly

outperforms state-of-the-art benchmarks.
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Paper Title: Scop: Scientific control for reliable neural network pruning [15]

This paper proposes a reliable neural network pruning algorithm by setting up a scientific control. Existing
pruning methods have developed various hypotheses to approximate the importance of filters to the
network and then execute filter pruning accordingly. To increase the reliability of the results, we prefer to
have a more rigorous research design by including a scientific control group as an essential part to
minimize the effect of all factors except the association between the filter and expected network output.
Acting as a control group, knockoff feature is generated to mimic the feature map produced by the
network filter, but they are conditionally independent of the example label given the real feature map. We
theoretically suggest that the knockoff condition can be approximately preserved given the information
propagation of network layers. Besides the real feature map on an intermediate layer, the corresponding
knockoff feature is brought in as another auxiliary input signal for the subsequent layers. Redundant filters
can be discovered in the adversarial process of different features. Through experiments, we demonstrate
the superiority of the proposed algorithm over state-of-the-art methods. For example, our method can
reduce 57.8% parameters and 60.2% FLOPs of ResNet-101 with only 0.01% top-1 accuracy loss on
ImageNet.
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Paper Title: Robust Decoy-enhanced Saliency Maps [16]

Saliency methods can make deep neural network predictions more interpretable by identifying a set of
critical features in an input sample, such as pixels that contribute most strongly to a prediction made by an
image classifier. Unfortunately, recent evidence suggests that many saliency methods poorly perform,
especially in situations where gradients are saturated, inputs contain adversarial perturbations, or predictions
rely upon interfeature dependence. To address these issues, we propose a framework, DANCE, which
improves the robustness of saliency methods by following a two-step procedure. First, we introduce a
perturbation mechanism that subtly varies the input sample without changing its intermediate
representations. Using this approach, we can gather a corpus of perturbed (“decoy”) data samples while
ensuring that the perturbed and original input samples follow similar distributions. Second, we compute
saliency maps for the decoy samples and propose a new method to aggregate saliency maps. With this
design, we offset influence of gradient saturation. From a theoretical perspective, we show that the
aggregated saliency map not only captures inter-feature dependence but, more importantly, is robust
against previously described adversarial perturbation methods. Our empirical results suggest that, both
qualitatively and quantitatively, DANCE outperforms existing methods in a variety of application domains.
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3) Search Keywords: Knockoff, Knockoff filter

Multilayer knockoff filter: Controlled variable selection at multiple resolutions
[17]

Interpretable Classification of Bacterial Raman Spectra with Knockoff Wavelets
[18]

Improving the Stability of the Knockoff Procedure: Multiple Simultaneous
Knockoffs and Entropy Maximization [19]

Metropolized Knockoff Sampling [20]

Adjusting the Benjamini-Hochberg method for controlling the false discovery
rate in knockoff assisted variable selection [21]

Knockoff filter-based feature selection for discrimination of non-small cell lung
cancer in CT image [22]

Knockoff boosted tree for model-free variable selection [23]
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Output-Related and -Unrelated Fault Monitoring with an Improvement
Prototype Knockoff Filter and Feature Selection Based on Laplacian Eigen Maps
and Sparse Regression [24]

Compositional knockoff filter for high-dimensional regression analysis of
microbiome data [25]

Normalizing Flows for Knockoff-free Controlled Feature Selection [26]
Power analysis of knockoff filters for correlated designs [27]

A prototype knockoff filter for group selection with FDR control [28]
Some Analysis of the Knockoff Filter and its Variants [29]

A knockoff filter for high-dimensional selective inference [30]

Panning for Gold: Model-free Knockoffs for High-dimensional Controlled
Variable Selection [31]
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Controlling the FDR in variable selection via multiple knockoffs [32]

Searching for consistent associations with a multi-environment knockoff filter
[33]

Sequential knockoffs for continuous and categorical predictors: with application
to a large Psoriatic Arthritis clinical trial pool [34]

Bayesian Knockoff Filter Using Gibbs Sampler [35]

Financial factors selection with knockoffs: Fund replication, explanatory and
prediction networks [36]

Novel learning framework (knockoff technique) to evaluate metric ranking
algorithms to describe human response to injury [37]

Interpretable signal analysis with knockoffs enhances classification of bacterial
raman spectra [38]
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Identification of putative causal loci in whole-genome sequencing data via
knockoff statistics [39]

Controlling the False Discovery Rate for Binary Feature Selection via Knockoff
[40]

A pseudo knockoff filter for correlated features [41]
False Discovery Rate Control in Cancer Biomarker Selection Using Knockoffs [42]

KIMI: Knockoff Inference for Motif Identification from molecular sequences with
controlled false discovery rate [43]

The knockoff filter for FDR control in group-sparse and multitask regression [44]
Lasso, knockoff and Gaussian covariates: a comparison [45]

False Discovery Rate Controlled Heterogeneous Treatment Effect Detection for
Online Controlled Experiments [46]
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GGM knockoff filter: False Discovery Rate Control for Gaussian Graphical
Models [47]

A Pipeline for Variable Selection and False Discovery Rate Control With an
Application in Labor Economics [48]

High-dimensional variable selection for ordinal outcomes with error control
[49]

Discovering Conditionally Salient Features with Statistical Guarantees [50]
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About Generating Knockoffs: 5 papers
About Feature Selection (Similar to DeepPINK): 4 papers
Application Domain: 3 papers

My Interests: 3 papers

[8] Burns, Collin, Jesse Thomason, and Wesley Tansey. "Interpreting black box models via hypothesis testing." Proceedings

of the 2020 ACM-IMS on Foundations of Data Science Conference. 2020.

[14] Yoon, Jinsung, James Jordon, and Mihaela van der Schaar. "INVASE: Instance-wise variable selection using neural

networks." International Conference on Learning Representations. 2018.

[15] Tang, Yehui, et al. "Scop: Scientific control for reliable neural network pruning." arXiv preprint arXiv:2010.10732 (2020).
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